Abstract: Coastal water regions represent some of the most fragile ecosystems, exposed to both climate change and human activities. While remote sensing provides unprecedented amounts of data for water quality monitoring on regional to global scales, the performance of satellite observations is frequently impeded by revisiting intervals and unfavorable conditions, such as cloud coverage and sun glint. Therefore, it is crucial to evaluate the impacts of varied sampling strategies (time and frequency) and insufficient observations on the monitoring of short-term and long-term tendencies of water quality parameters, such as suspended solids (SS), in highly dynamic coastal waters. Taking advantage of the first high-frequency in situ SS dataset (at 30 min sampling intervals from 2007 to 2008), collected in Deep Bay, China, this paper presents a quantitative analysis of the influences of sampling strategies on the monitoring of SS, in terms of sampling frequency and time of day. Dramatic variations of SS were observed, with standard deviation coefficients of 48.9% and 54.1%, at two fixed stations; in addition, significant uncertainties were revealed, with the average absolute percent difference of approximately 13%, related to sampling frequency and time, using nonlinear optimization and random simulation methods. For a sampling frequency of less than two observations per day, the relative error of SS was higher than 50%, and stabilized at approximately 10%, when at least four or five samplings were conducted per day. The optimal recommended sampling times for SS were at around 9:00, 12:00, 14:00, and 16:00 in Deep Bay. The "pseudo" MODIS SS dataset was obtained from high-frequency in situ SS measurements at 10:30 and 14:00, masked by the temporal gap distribution of MODIS coverage to avoid uncertainties propagated from atmospheric correction and SS models. Noteworthy uncertainties of daily observations from the Terra/Aqua MODIS were found, with mean relative errors of 19.2% and 17.8%, respectively, whereas at the monthly level, the mean relative error of Terra/Aqua MODIS observations was approximately 10.7% (standard deviation of 8.4%). Sensitivity analysis between MODIS coverage and SS relative errors indicated that temporal coverage (the percentage of valid MODIS observations for a month) of more than 70% is required to obtain high-precision SS measurements at a 5% error level. Furthermore, approximately 20% of relative errors were found with the coverage of 30%, which was the average coverage of satellite observations over global coastal waters. These results highlight the need for high-frequency measurements of geostationary satellites like GOCI and multi-source ocean color sensors to capture the dynamic process of coastal waters in both the short and long term.
. Temporal coverage of Terra/ Aqua MODIS over Deep Bay (A), and spatial-temporal variation scales of coastal/inland waters (B) (reproduced from Mouw, 2015 , [14] ).
Highly dynamic suspended solids (SS) require high-frequency monitoring (observations taken from about every 30 min to 1 h [25] ) and an inappropriate sampling strategy would lead to large biases, and thus unscientific decisions during policy-making. Previous research has indicated that an inappropriate sampling strategy could cause a statistical error of more than 50% for water quality monitoring [26, 27] , and the impacts of missing data were observed in the indicators of annual mean chlorophyll concentration, with a global mean root mean-square error (RMSE) of 8%, whilst higher uncertainty in the peak chlorophyll values was determined as global mean RMSE of 33% [24] . Therefore, it is necessary to quantify the impacts of insufficient SS observations, and to determine the appropriate sampling time and frequency. Moreover, the ongoing satellite ocean color missions call for thorough consideration of the trade-offs between requirements of water resource monitoring and instrument design, including the time and frequency for water quality observation. Although there were some time series stations to monitor the physical, biological, and chemical parameters of water quality-for instance, in the southern North Sea [28] , Bohai Sea [29] , and in the tidal inlet between the East Frisian islands of Langeoog and Spiekeroog, southern North Sea [30] -high frequency measurements are still rare.
This study aimed to resolve the effects of sampling frequency and sampling time on the monitoring of SS in estuaries, and to assess the uncertainty of the prevailing satellite sensors, Terra/Aqua MODIS, and thus provide a baseline sampling strategy. To achieve this, a two-year, highfrequency, in situ observational SS dataset was first collected in Deep Bay, China, and then the shortterm dynamics and temporal variations in the SS were analyzed, followed by error analysis of insufficient observations and an optimization of the sampling strategy.
Material and Methods

Study Area
This study was conducted in Deep Bay (22°24′18′′N-22°32′12′′N, 113°53′06′′E-114°02′30′′E), which is located between Shenzhen, a special economic zone of China, to the north, and the New Territories of Hong Kong to the south [31] (Figure 2 ). Deep Bay is a shallow, semi-enclosed bay on the eastern shore of the Pearl River Estuary, with a width of 4-7.6 km and a length of 13.9 km. The water area of Deep Bay is approximately 80 km 2 , which is largely enclosed by land and a shallow wetland shore. The margin of fresh water and salt water forms a valuable habitat for a wide variety of life. Influenced by the subtropical oceanic monsoon climate, the rainfall in Deep Bay is concentrated from April to September, and the dry season is from October to March. Highly dynamic suspended solids (SS) require high-frequency monitoring (observations taken from about every 30 min to 1 h [25] ) and an inappropriate sampling strategy would lead to large biases, and thus unscientific decisions during policy-making. Previous research has indicated that an inappropriate sampling strategy could cause a statistical error of more than 50% for water quality monitoring [26, 27] , and the impacts of missing data were observed in the indicators of annual mean chlorophyll concentration, with a global mean root mean-square error (RMSE) of 8%, whilst higher uncertainty in the peak chlorophyll values was determined as global mean RMSE of 33% [24] . Therefore, it is necessary to quantify the impacts of insufficient SS observations, and to determine the appropriate sampling time and frequency. Moreover, the ongoing satellite ocean color missions call for thorough consideration of the trade-offs between requirements of water resource monitoring and instrument design, including the time and frequency for water quality observation. Although there were some time series stations to monitor the physical, biological, and chemical parameters of water quality-for instance, in the southern North Sea [28] , Bohai Sea [29] , and in the tidal inlet between the East Frisian islands of Langeoog and Spiekeroog, southern North Sea [30] -high frequency measurements are still rare.
This study aimed to resolve the effects of sampling frequency and sampling time on the monitoring of SS in estuaries, and to assess the uncertainty of the prevailing satellite sensors, Terra/Aqua MODIS, and thus provide a baseline sampling strategy. To achieve this, a two-year, high-frequency, in situ observational SS dataset was first collected in Deep Bay, China, and then the short-term dynamics and temporal variations in the SS were analyzed, followed by error analysis of insufficient observations and an optimization of the sampling strategy.
Material and Methods
Study Area
This study was conducted in Deep Bay (22 • 24 18 N-22 • 32 12 N, 113 • 53 06 E-114 • 02 30 E), which is located between Shenzhen, a special economic zone of China, to the north, and the New Territories of Hong Kong to the south [31] (Figure 2 ). Deep Bay is a shallow, semi-enclosed bay on the eastern shore of the Pearl River Estuary, with a width of 4-7.6 km and a length of 13.9 km. The water area of Deep Bay is approximately 80 km 2 , which is largely enclosed by land and a shallow wetland shore. The margin of fresh water and salt water forms a valuable habitat for a wide variety of life. Influenced by the subtropical oceanic monsoon climate, the rainfall in Deep Bay is concentrated from April to September, and the dry season is from October to March.
With the rapid urbanization of Shenzhen, the northern shoreline of Deep Bay has been reclaimed for building land. In addition, Deep Bay has been subjected to extensive anthropogenic pollutants emitted by villages and livestock farms (as noted by the Environmental Protection Department (EPD) Marine Water Quality in Hong Kong in 2004), and the water quality has been evaluated to be one of the worst around Hong Kong (from the EPD Marine Water Quality in Hong Kong in 2006). This anthropogenic enhancement of nutrients can be expected to result in eutrophication, which is a major threat to the sensitive associated marine ecosystems (wetland reserves) and oyster culturing in the bay [32] [33] [34] . Since the area around Deep Bay has rapidly urbanized, it is urgent to develop a good understanding of water quality in the bay, as it is located close to human society.
Fixed Stations and Measurements
The SS measurements were conducted at two fixed stations (A1 to the north and K1 to the south) in Deep Bay (Figure 2 ). The two stations are located at the intersection of Deep Bay and the Pearl River, with an average local water depth of about 3.0 m, and the sensor at a depth of about 0.8 m below the water surface, to ensure that the sensors would be submerged during the measuring time. The in situ measurements were collected from January 2007 to December 2008 (two years in total), and 48 measurements were obtained at half-hour intervals during the period of 0:00 to 23:30 each day.
A backward light scattering sensor (OBS-3a turbidity sensor, the D&A Instrument Company, https://www.campbellsci.com/obs-3a) was used for SS measurement, as it can provide accurate and reliable estimates of SSC [35] .The range of the OBS measurement is 0 to approximately 5 kg/m 3 for suspended particulate material, and 0 to approximately 4000 NTU for turbidity. In addition, the accumulation of biomaterial around the submerged sensors is a major problem to overcome, in order to ensure that the measured data, which were cleared during the routine maintenance, are accurate [28] .
To ensure that the data were credible, the OBS instrument was maintained every 7 to 10 days, and calibration of the OBS was conducted using simultaneously collected field water samples. The water samples were stored and transported to the laboratory, and filtered through 47 mm glass fiber filters, to obtain the SS concentration using a weighing method [36] . The water sample was filtered With the rapid urbanization of Shenzhen, the northern shoreline of Deep Bay has been reclaimed for building land. In addition, Deep Bay has been subjected to extensive anthropogenic pollutants emitted by villages and livestock farms (as noted by the Environmental Protection Department (EPD) Marine Water Quality in Hong Kong in 2004), and the water quality has been evaluated to be one of the worst around Hong Kong (from the EPD Marine Water Quality in Hong Kong in 2006). This anthropogenic enhancement of nutrients can be expected to result in eutrophication, which is a major threat to the sensitive associated marine ecosystems (wetland reserves) and oyster culturing in the bay [32] [33] [34] . Since the area around Deep Bay has rapidly urbanized, it is urgent to develop a good understanding of water quality in the bay, as it is located close to human society.
To ensure that the data were credible, the OBS instrument was maintained every 7 to 10 days, and calibration of the OBS was conducted using simultaneously collected field water samples. The water samples were stored and transported to the laboratory, and filtered through 47 mm glass fiber filters, to obtain the SS concentration using a weighing method [36] . The water sample was Remote Sens. 2018, 10, 345 5 of 20 filtered with a 470 nm filter (Whatman GF/F filters) and vacuum filtration system. The filter pad was flushed with 0.00005 m 3 of distilled water 3 times, in order to flush away the salt. The dry weight of the filter pad was weighed with an electronic analytic scale. The blank filter and sampled filter pad were weighed until the difference between two successive SS concentrations calculated from the scale reading was within 0.01 mg/L [31] .
During each calibration, at least 10 matchups (Matchups-1) of turbidity measured by OBS and laboratory-analyzed SS were collected for cross calibration, and another 10 matchups or more (Matchups-2) for validation of the calibration results. The water samples of Matchups-1 were collected before and after the OBS was cleaned, to ensure the relationship between the SS and turbidity would not change as biomaterial around the submerged sensors had accumulated in the short period. The results of regression analysis on the calibration between OBS-measured turbidity and laboratory-analyzed SS on 2 March 2007 is shown in Figure 3A , and the coefficient of the determination (R 2 ) between them was 0.96, with a deviance of 0.018 g/L and max bias of 0.138 g/L. In addition, the regression results between OBS measured SS and laboratory-analyzed SS are shown in Figure 3B , where the R 2 was 0.96, with a deviance of 0.0042 g/L and max bias of 0.0028 g/L.
The routine maintenance of the OBS sensors was performed about every 7 to 10 days, during which the sensors were cleaned, the data were transferred, and the battery was recharged. The calibration of the sensor was conducted about every month, and 26 or 25 calibrations were performed in total for stations A1 and K1, respectively, as listed in Table 1 . Descriptions of the in situ data collection and sensor calibrations (once a month) were also provided in a previous study ( [37, 38] , in Chinese with English abstract). with a 470 nm filter (Whatman GF/F filters) and vacuum filtration system. The filter pad was flushed with 0.00005 m 3 of distilled water 3 times, in order to flush away the salt. The dry weight of the filter pad was weighed with an electronic analytic scale. The blank filter and sampled filter pad were weighed until the difference between two successive SS concentrations calculated from the scale reading was within 0.01 mg/L [31] . During each calibration, at least 10 matchups (Matchups-1) of turbidity measured by OBS and laboratory-analyzed SS were collected for cross calibration, and another 10 matchups or more (Matchups-2) for validation of the calibration results. The water samples of Matchups-1 were collected before and after the OBS was cleaned, to ensure the relationship between the SS and turbidity would not change as biomaterial around the submerged sensors had accumulated in the short period. The results of regression analysis on the calibration between OBS-measured turbidity and laboratory-analyzed SS on 2 March 2007 is shown in Figure 3A , and the coefficient of the determination (R 2 ) between them was 0.96, with a deviance of 0.018 g/L and max bias of 0.138 g/L. In addition, the regression results between OBS measured SS and laboratory-analyzed SS are shown in Figure 3B , where the R 2 was 0.96, with a deviance of 0.0042 g/L and max bias of 0.0028 g/L.
The routine maintenance of the OBS sensors was performed about every 7 to 10 days, during which the sensors were cleaned, the data were transferred, and the battery was recharged. The calibration of the sensor was conducted about every month, and 26 or 25 calibrations were performed in total for stations A1 and K1, respectively, as listed in Table 1 . Descriptions of the in situ data collection and sensor calibrations (once a month) were also provided in a previous study ( [37, 38] , in Chinese with English abstract). The spatial variability of SS at in situ stations is important for satellite based SS modeling and validation, especially when there are significant differences of spatial scale between in situ data and remote sensing data. The spatial variances of stations A1 and K1 use high spatial resolution GF-1 satellite data (16 m spatial resolution), using SS model of our previous study [39] . The mean values (and standard deviation) of SS around A1 and K1 were 0.0476 (0.0016) and 0.0423 (0.0012) g/L, respectively, which were relatively small, and could represent the general case of SS around the study area. The spatial variability of SS at in situ stations is important for satellite based SS modeling and validation, especially when there are significant differences of spatial scale between in situ data and remote sensing data. The spatial variances of stations A1 and K1 use high spatial resolution GF-1 satellite data (16 m spatial resolution), using SS model of our previous study [39] . The mean values (and standard deviation) of SS around A1 and K1 were 0.0476 (0.0016) and 0.0423 (0.0012) g/L, respectively, which were relatively small, and could represent the general case of SS around the study area. 
Remote Sensing Observations
MODIS is a key instrument on board the Terra and Aqua satellites, which were launched by the National Aeronautics and Space Administration (NASA) in 1999 and 2001, respectively (http: //modis.gsfc.nasa.gov). With advantages including medium spatial resolution (250 m, 500 m, 1000 m), multi-spectral detectors of 36 spectral bands between 0.405 and 14.385 µm, daily coverage, high radiometric sensitivity, and free-access distribution [40] , MODIS data have been frequently employed to retrieve SS data during the past decade. Furthermore, the two MODIS sensors have collected more than 10 years' worth of data on the Earth's surface, and this image archive provides a great opportunity to monitor and analyze the long-term spatiotemporal dynamics of parameters of the Earth's surface, such as SS [41] . Many studies have shown the potential to detect water components and concentrations in complex waters with MODIS data [39, 42, 43] .
Despite the widespread use of MODIS data, the precision of short-and long-term monitoring using MODIS is determined by its sampling strategy (observing time and frequency), because in most cases only limited measurements are available, especially for satellite observations with cloud contamination, poor weather conditions, and sun glint. Table 1 shows the temporal coverage of Terra/Aqua MODIS over Deep Bay, with about 45% and 28% coverage for 2007 and 2008, on average. Most months had coverage of lower than 50%, which means that less than 15 observations are available for these months. However, the time scale of the coastal and inland water process was about 0.01 h to 10 days, indicating a temporal gap between valid observations and water quality variations. Therefore, it is critical to assess the impacts of insufficient observations, and to determine the optimal sampling strategies from high-frequency in situ measurements.
In general, conventional technology for acquiring satellite-based SS requires radiometric calibration, atmospheric correction, SS modeling, and validation to obtain reliable SS estimations. In this paper, MODIS-derived SS were not directly used, due to large uncertainties (around 30%) of SS from propagation errors of atmospheric correction and SS models [44] [45] [46] [47] [48] , no matter what regional empirical models or semi-analytical models were used, especially at coastal or inland optically-complex waters.
Instead, MODIS-measured SS were "simulated" using in-situ OBS-measured SS at 10:30 and 14:00, and the MODIS gap distribution (Table 2 ) of valid MODIS observations from 2007 to 2008 was used as a mask, which was applied to the two-year high-frequency in situ SS measurements, in order to obtain a "pseudo" or "simulated" MODIS SS dataset. This dataset was free of the uncertainties of satellite-derived SS, to evaluate the impact that MODIS sampling time and frequency may have on the estimation of SS. Specifically, we evaluated the precision and accuracy of SS by computing the relative errors and the bias arising purely from missing data, so no actual satellite data or models were used for this study. 
Analysis Methods
A statistical approach was employed to the continuous time series data from the two field stations. Five statistical parameters-the mean, the maximum, the minimum, the standard deviation (STD), and the standard deviation coefficient (SDC)-were selected to depict the variations of the SS. The STD and SDC were calculated by using the following formulas:
where N is the total number of SS observations at each station, B i is the ith observation, and µ is the mean value of the N observations. Nonlinear optimization was employed to determine the optimal observation time for SS sampling. Nonlinear optimization problems appear in many applications, including parameter identification and optimal control, and nonlinear optimization has emerged as a key technology in modern scientific applications. Challenges include optimization problems, with partial differential equations as constraints-for example, optimization problems for flows, transport problems, diffusion processes, wave propagation, or mechanical structures. An efficient solution to such problems requires highly-developed optimization methods, which use modern adaptive multilevel techniques of scientific computing. "Lingo", an optimization modeling software and coding languages for building and solving linear, nonlinear, and integer models (https://www.lindo.com/), is used for nonlinear optimization. Lingo provides a completely integrated package for expressing optimization models, and allows a user to quickly build a model, solve it, and assess the correctness or appropriateness of the model based on the solution, which is faster, easier, and more efficient [49] .
Nonlinear optimization was adopted in this study to solve the problem of how to achieve the minimal observation error with the minimum number of observations and corresponding time. Hence, the objective function of the nonlinear optimization is to calculate the minimal observation error as follows:
where Y is the objective function of relative errors from different sampling strategies (sampling number and corresponding time), M is the duration of the observations (days, months or years), N is the To assess the biases of insufficient observation of satellites versus in situ data, some parameters in [50] were adopted, including the root mean square deviation (RMSD), the determination coefficient (R 2 ), the average of percent differences (ψ), and the average of absolute (unsigned) percent differences (|ψ|) of match-ups between simulated remote sensing SS and in situ SS. The RMSD and R 2 determine whether the match-ups are stable and relevant, and the quantity ψ and |ψ| determine the bias and the scattering of data points, respectively [50] .
The value of ψ and |ψ| are calculated through
where i is the match-up index and ψ i is
with the superscripts S and I indicating the simulated and the in situ data, respectively.
Results
Variations of SS in Deep Bay
During the in situ measurement period from January 2007 to December 2008, 35,088 samples were collected in total for stations A1 and K1 (Figure 4 ). These continuous and high-frequency measurements of the SS provided the first basic data for examination of temporal variation and the development of an appropriate sampling strategy. Highly dynamic SS variations were observed in Deep Bay. The ratios of the maximum to the minimum SS in a day varied from 1.188 to 66, indicating that considerable variation of SS in Deep Bay can be expected during a month, and even within a day. Since substantial variation in SS concentration was shown in Deep Bay, it is necessary to determine the optimal time and number of observations when monitoring the sediment change in Deep Bay, to improve monitoring results for these waters.
Errors Associated with Frequency of Observation for the SS Estimations
The relative errors (Y) of different number of observations (N) of SS were obtained from nonlinear optimization. After selecting N observations among 48 observations, we might have choices. Next, the optimal combination of N was found based on the minimum error. Figure 5 shows the Y value (%) for a varied number of observations N, together with the first-order error differences between N and N + 1. Both stations A1 and K1 showed similar results, indicating the method is valid and could be expanded to other regions. Since substantial variation in SS concentration was shown in Deep Bay, it is necessary to determine the optimal time and number of observations when monitoring the sediment change in Deep Bay, to improve monitoring results for these waters.
The relative errors (Y) of different number of observations (N) of SS were obtained from nonlinear optimization. After selecting N observations among 48 observations, we might have C N 48 choices. Next, the optimal combination of N was found based on the minimum error. Figure 5 shows the Y value (%) for a varied number of observations N, together with the first-order error differences between N and N + 1. Both stations A1 and K1 showed similar results, indicating the method is valid and could be expanded to other regions.
The Although increasing the number of measurements could improve the accuracy of observed results, it is important to point out that it also means increasing consumption of manpower, material resources, and financial expense. It is therefore important to identify a suitable number of observations. Based on Figure 5 , it is reasonable to conclude that when we have four to five observations in a day, the Y value of SS measurements could be constrained to 15%. Moreover, little improvement in Y could be made by increasing the number of observations after N is larger than five observations per day, since the first-order difference is nearly zero.
Errors Associated with Observation Times for the SS Estimations
Section 3.2 demonstrated the impacts of the number of observations on the accuracy of SS estimation. Furthermore, it is crucial to determine the optimal sampling time, which would provide a practical guide for SS monitoring. For instance, there are combinations for a total of five observations, and identification of the optimal time combination is required for SS monitoring. Table  4 presents relative errors (Y) of the SS estimation associated with N and the corresponding time. Since the first-order error difference was stabilized at nearly zero when N was larger than five observations per day, it is not necessary to discuss cases involving more observations.
Results showed that the best time combinations to measure the SS at the Deep Bay were nearly identical at both stations, with the time difference within half an hour, except when there was only one observation in a day. The consistency between the two stations also provided a cross validation of the methods and results, since the two stations were both located at Deep Bay, and were thus affected by similar forcing factors. For a single observation, the optimal sampling time was found to be between about 13:00 and 14:00, but the relative errors were higher than 110% even at the optimal sampling time. However, it should be noted that the sampling frequency of most existing measurement methods is not more than once per day (N = 1). When N was increased to 2, the relative errors dropped considerably to the level of about 50%, and then the sampling times were determined to be at 11:00 and around 15:30. Similarly sampling time combinations for N of 3, 4 or 5 were obtained, and after N reached 5, the relative errors remained at about the 10% level. The decreasing trend of Y with the increasing number of observations N is revealed in Figure 5 . For N = 1, Y could exceed 100%, and N = 2 would reduce Y to about 50%. Therefore, it is important to increase the number of observations, to constrain a low level of relative error. When N was increased to four or five times per day, Y stabilized at about 10%, and subsequent increases to N would not improve the accuracy of the SS measurements. Note that the first-order error differences between N and N + 1 (line in Figure 5 ) remained stable when N exceeded five.
Although increasing the number of measurements could improve the accuracy of observed results, it is important to point out that it also means increasing consumption of manpower, material resources, and financial expense. It is therefore important to identify a suitable number of observations. Based on Figure 5 , it is reasonable to conclude that when we have four to five observations in a day, the Y value of SS measurements could be constrained to 15%. Moreover, little improvement in Y could be made by increasing the number of observations after N is larger than five observations per day, since the first-order difference is nearly zero.
Section 3.2 demonstrated the impacts of the number of observations on the accuracy of SS estimation. Furthermore, it is crucial to determine the optimal sampling time, which would provide a practical guide for SS monitoring. For instance, there are C 5 48 combinations for a total of five observations, and identification of the optimal time combination is required for SS monitoring. Table 4 presents relative errors (Y) of the SS estimation associated with N and the corresponding time. Since the first-order error difference was stabilized at nearly zero when N was larger than five observations per day, it is not necessary to discuss cases involving more observations.
Results showed that the best time combinations to measure the SS at the Deep Bay were nearly identical at both stations, with the time difference within half an hour, except when there was only one observation in a day. The consistency between the two stations also provided a cross validation of the methods and results, since the two stations were both located at Deep Bay, and were thus affected by similar forcing factors. For a single observation, the optimal sampling time was found to be between about 13:00 and 14:00, but the relative errors were higher than 110% even at the optimal sampling time. However, it should be noted that the sampling frequency of most existing measurement methods is not more than once per day (N = 1). When N was increased to 2, the relative errors dropped considerably to the level of about 50%, and then the sampling times were determined to be at 11:00 and around 15:30. Similarly sampling time combinations for N of 3, 4 or 5 were obtained, and after N reached 5, the relative errors remained at about the 10% level. Furthermore, the time interval between each observation was also important for the optimal sampling strategy. As shown in Table 4 , if N = 2, then the time interval between each observation would be about 4 to 5 h. For N = 3, the time interval would be 3 h. When N = 4 or 5, the time interval between observations would be less than 2 h, and the relative error would decrease little regardless of whether the observations increase or not. Therefore, the threshold in this case was set to 2 h. When the time interval is less than 2 h, the accuracy for SS monitoring will not be substantially improved.
Discussion
MODIS is a widely used remote sensing sensor for water quality monitoring, because of its medium spatial resolution, daily coverage, high sensitivity, and open-access distribution [40] . Considering its widespread application in both environmental protection and scientific research fields [39, 42, [51] [52] [53] , it is urgent to assess the uncertainties of MODIS data in SS monitoring, because of the existing temporal gap between MODIS temporal coverage and variations of SS ( Figure 1 and Table 1 ). Therefore, the assessment of uncertainties in SS monitoring with insufficient remote sensing observations not only provides detailed information on the reliability of the most commonly used data, but also offers guidance for future sampling strategies, for both in situ measurements and remote sensing observations. In this context, uncertainties caused by insufficient remote sensing observations are assessed here for two cases: the temporal coverage of the first case was determined by the designed indicator of MODIS, which is an ideal case or the top bound of the MODIS observations; and the second case was set as the actual conditions of MODIS observations, which is affected by cloud contamination, poor weather conditions, and sun glint [20, 22, 23] .
Estimating Errors of Satellite Remote Sensing
Daily Scale Observations
The MODIS sensor onboard the Terra and Aqua satellites takes pictures of the Earth twice a day, at 11:00 for MODIS/Terra and 13:00 for MODIS/Aqua local time in Deep Bay. The in situ data from January 2007 to December 2008 were used as reference, and the data measured at 11:00 and 13:00 were picked out as simulated MODIS/Terra and MODIS/Aqua observations. The parameters and scatters plots of simulated SS from MODIS (Terra and Aqua) versus in situ SS and the optimized SS versus in-situ SS are shown in Figure 6 . The relative error of MODIS/Terra, MODIS/Aqua, combination of MODIS/Terra and MODIS/Aqua, and the optimization result (the SS measurements obtained by the best combinations of observation frequency and time using the nonlinear optimization method described in Section 2.4) were calculated and compared. The relative errors of MODIS/Terra, MODIS/Aqua, combination of MODIS/Terra and MODIS/Aqua, and the results of the optimization are shown in Figure 7 . Overall, the negative bias indicated by ψ decreased from 4-5% to 1-2%, and the mean absolute percent differences (|ψ|) decreased from~13% to~7%. 
Monthly Scale Observations
In situ, two-year SS time series data were used as a reference to assess the uncertainties caused by insufficient satellite observations. To reduce uncertainties from remote-sensing-derived SS products, satellite-measured SS were "simulated" using in situ reference data. The in situ, two-year time series were masked by the valid overpass timetable of the satellite (Table 2) , to simulate the distribution of missing data in the two-year MODIS remote sensing measurements, thus generating an in situ time series with MODIS-like gaps; then, uncertainties caused by MODIS-like missing data were calculated with the in situ reference time series.
Uncertainties caused by insufficient observations of satellite remote sensing were analyzed at the monthly scale, as shown in Figure 9 . The average monthly coverage of remote sensing observations was 45% and 28% for 2007 and 2008, respectively (Table 2 and Figure 9C ), and except for April 2008, there were generally more than five valid observations in a month. Although the monthly statistics and trends of SS obtained from combined MODIS/Terra and MODIS/Aqua and in situ measurements showed similar variations ( Figure 9A,C) , relative errors between the two datasets were high ( Figure 9D ). The average relative error of satellite observations was 10.7% (STD of 8.4%), while an opposite trend was found for the coverage. The peak relative error values generally 
Uncertainties caused by insufficient observations of satellite remote sensing were analyzed at the monthly scale, as shown in Figure 9 The impacts of insufficient satellite observations on the statistical results of SS monitoring were further analyzed for the maximum and minimum values ( Table 5 ). The relative errors of these statistical indicators were significant, though mean values and the trend of SS were comparable between MODIS observations and in situ data. The average relative errors of maximum and minimum SS from valid MODIS observations were 25.9% and 35.2%, respectively, which were higher than the relative error of the statistical average of SS (10.7%). This implies that when aiming to monitor the maximum and minimum SS, insufficient satellite observations are more prone to be unable to capture these indicators. Compared with the in situ measurements, a limited number of valid satellite observations significantly underestimated the maximum SS and overestimated the minimum SS. For instance, the maximum SS was underestimated by 59.7% in June, and the minimum SS was overestimated by 66.3% in July. Table 5 . Relative errors (RE, %) of maximum, and minimum suspended solids (SS) from valid MODIS observations compared with in situ measurements.
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Min SS (g/L) Coverage The impacts of insufficient satellite observations on the statistical results of SS monitoring were further analyzed for the maximum and minimum values ( Table 5 ). The relative errors of these statistical indicators were significant, though mean values and the trend of SS were comparable between MODIS observations and in situ data. The average relative errors of maximum and minimum SS from valid MODIS observations were 25.9% and 35.2%, respectively, which were higher than the relative error of the statistical average of SS (10.7%). This implies that when aiming to monitor the maximum and minimum SS, insufficient satellite observations are more prone to be unable to capture these indicators. Compared with the in situ measurements, a limited number of valid satellite observations significantly underestimated the maximum SS and overestimated the minimum SS. For instance, the maximum SS was underestimated by 59.7% in June, and the minimum SS was overestimated by 66.3% in July. Although evident uncertainty from insufficient MODIS observations was found in SS monitoring at daily or monthly scales, such uncertainty was reduced at the annual scale. Table 6 represents the annual mean SS of MODIS\Aqua, MODIS\Terra, the in situ data, and the relative errors of the satellite sensors measurements. The largest relative error was found to be 18.05%, which was much smaller than errors observed at daily at monthly scale. One possible reason for such a phenomenon may lie in the fact that on an annual scale, inner-annual variations of SS were prone to be omitted, and thus the influence of insufficient observation was less significant. While the accuracy of average SS monitoring is strongly related to the coverage of satellite observation (higher coverage leads to lower relative error), the insufficient remote sensing data showed little relation to the maximum and minimum SS. Therefore, it is critical to assess the impacts of limited remote sensing data on the validity of SS monitoring. Moreover, the analysis in this section also suggests that uncertainties of the most widely used Terra/Aqua MODIS data need be considered for coastal water monitoring.
Sensitivity of SS Monitoring with Satellite Coverage
Sensitivity analyses were conducted to determine how the precision of SS monitoring is affected by satellite coverage, and thus provide reference information for historical data quality assessment and future SS observation strategy. A random simulation method was applied to calculate the monthly mean relative errors of SS measurements with different levels of satellite coverage, from 5% to 95%, in intervals of 5%. For each coverage each month at the A1 and K1 stations, the combination of valid observations was chosen randomly, and the relative errors were calculated 10,000 times to produce stable results. Figure 10 presents variations of the monthly mean relative errors and standard deviations under different satellite coverage levels. A remarkably decreasing tendency in relative error and uncertainties of the SS measurements was found with increasing coverage. For coverage lower than 10%, the monthly relative errors and standard deviations reached approximately 50%, and decreased to about 20% when the coverage increased to 30%, and then stabilized at approximately 5% when the coverage increased to 70%. Although there were some fluctuations among different months, the trends of all results were similar, which permits flexible applications of the analysis to wider spatial and temporal ranges. It is important to clarify that insufficient satellite observations are common, despite extensive applications of remote sensing in coastal and inland water quality monitoring. For instance, the sunsynchronous polar orbiting satellite sensor provided approximately 110 cloud-free observation days per year in the Southern North Sea [54] , at about 30.1% cloud coverage. A total of 7-12 valid observations from ENVISAT-MERIS were obtained for Lake Vänern in Sweden in August 2003 [55] . Furthermore, pioneering research showed that the mean daily percentage of valid observations of surface ocean chlorophyll a concentrations from MODIS is generally <20% for most oceans [56] . In addition, the impacts of clouds and sun glint prevent any single satellite from observing more than about 15% of the ocean surface in a single day [57] .
The mean cloud coverage of global oceans was calculated from valid Terra/MODIS observations from between 2002 and 2016. In general, cloud coverage is extremely high around the global ocean, especially for latitudes >30°N and >30°S, which have larger than 60% cloud coverage on average; areas between 0°-30°N and 0°-30°S typically have lower cloud coverage. The Chinese regions of ocean and coast are dominated by cloud coverage at the level of approximately 65% to 70%. According to the results of this study and previous research, great uncertainties from insufficient satellite observations would be induced in water quality archives and environmental data records that have been widely applied for social and scientific communities. Sampling biases in monthly and annual mean chlorophyll estimates from MODIS were calculated to reach nearly 8%, under the irregular temporal coverage of ocean color sensors [26] . Similarly, the impacts of missing data were observed in the indicators of annual mean chlorophyll concentration with a global mean RMSE of 8%, whilst higher uncertainty in the peak chlorophyll values was determined as a global mean RMSE of 33%, and a bias of approximately 20% [23] . These figures and our results both highlight the need to quantify uncertainties in frequently-used satellite products [58] and the need to optimize our observation strategy. It is important to clarify that insufficient satellite observations are common, despite extensive applications of remote sensing in coastal and inland water quality monitoring. For instance, the sun-synchronous polar orbiting satellite sensor provided approximately 110 cloud-free observation days per year in the Southern North Sea [54] , at about 30.1% cloud coverage. A total of 7-12 valid observations from ENVISAT-MERIS were obtained for Lake Vänern in Sweden in August 2003 [55] . Furthermore, pioneering research showed that the mean daily percentage of valid observations of surface ocean chlorophyll a concentrations from MODIS is generally <20% for most oceans [56] . In addition, the impacts of clouds and sun glint prevent any single satellite from observing more than about 15% of the ocean surface in a single day [57] .
Implications and Conclusions
The mean cloud coverage of global oceans was calculated from valid Terra/MODIS observations from between 2002 and 2016. In general, cloud coverage is extremely high around the global ocean, especially for latitudes >30 • N and >30 • S, which have larger than 60% cloud coverage on average; areas between 0 • -30 • N and 0 • -30 • S typically have lower cloud coverage. The Chinese regions of ocean and coast are dominated by cloud coverage at the level of approximately 65% to 70%. According to the results of this study and previous research, great uncertainties from insufficient satellite observations would be induced in water quality archives and environmental data records that have been widely applied for social and scientific communities. Sampling biases in monthly and annual mean chlorophyll estimates from MODIS were calculated to reach nearly 8%, under the irregular temporal coverage of ocean color sensors [26] . Similarly, the impacts of missing data were observed in the indicators of annual mean chlorophyll concentration with a global mean RMSE of 8%, whilst higher uncertainty in the peak chlorophyll values was determined as a global mean RMSE of 33%, and a bias of approximately 20% [23] . These figures and our results both highlight the need to quantify uncertainties in frequently-used satellite products [58] and the need to optimize our observation strategy.
Motivated by urgent needs for coastal or inland water quality monitoring and rapid expansions of available satellite data, a great effort has been made by numerous research studies [17, 54, 59] . Despite the great progress achieved in remote sensing of the water environment, as well as instruments and protocols of field observations, reliability evaluations of the past and present remote sensing data, which are critical under unfavorable conditions like cloud coverage and sun glint, are rare [22, 23] . Caution should be taken when limited satellite observations are used in water quality estimations, in consideration of the considerable uncertainties from insufficient observations.
Taking advantage of the first high-frequency in situ SS dataset collected in the coastal waters of Deep Bay, China, the effects of sampling frequency and sampling time on the monitoring of highly dynamic SS were resolved in this study. Results demonstrated the major influences of sampling strategy on SS observations, including the number and frequency of sampling. Relative errors related to the number of observations were stabilized at approximately 10% when at least four or five samples were taken per day, and the optimal sampling times were recommended using nonlinear optimization. Noteworthy uncertainties of daily observations from Terra/Aqua MODIS were found with mean relative errors of 19.2% and 17.8%, respectively. The monthly mean relative error of Terra/Aqua MODIS observations was approximately 10.7% (STD of 8.4%). The results of this paper are consistent with previous research [23, 26] , but also highlight the need for high-frequency measurements to capture the dynamic processes of coastal or inland waters in both the short and long term.
The high-frequency datasets used in this paper will undoubtedly provide researchers with abundant information that would otherwise be very difficult or expensive to obtain at larger spatial scales. As shown in the presented case study, the imbalance between highly dynamic processes and insufficient satellite observations of water quality is common. Therefore, optimization of the sampling strategy to fully exploit available earth observation resources is recommended. Owing to the rapid expansion of satellite sensors and open data policy, the combination of multiple satellite sensors could considerably improve the performance of remote sensing data. For instance, the relative error could be reduced to 13.1% by the combination of observations from Terra and Aqua MODIS, whereas the relative error from a single MODIS/Terra or MODIS/Aqua observation was 19.2% and 17.8%, respectively. Furthermore, present geostationary ocean color satellite sensors, COMS-GOCI, and the scheduled GEO-CAPE could provide great opportunities for the monitoring of high-frequency temporal variability in coastal or inland waters, and for a better understanding of inland and coastal waters.
